ABSTRACT End users' quality of experience (QoE) is one of the most crucial requirements to be considered in device-to-device communication. Users' QoE is affected by the ratio of the amount of received data to the amount of shared data. The ratio should be approximate to 1. To achieve this, we propose an evolutionary algorithm-based cooperative content caching and communication (EACCC) scheme. This scheme works by finding the maximum 1-factor of a directed weighted graph, where each edge's weight corresponds to the mean opinion score of the connection between two users. Finding the maximum 1-factor of graphbased communication is a problem that is difficult to solve optimally, but an evolutionary algorithm can quickly converge to a high-quality solution. Each user provides an opinion score of incoming and outgoing connection, and the maximum 1-factor corresponds to the scheme that maximizes overall QoE. The proposed EACCC scheme achieves optimal connections among users in a vast and complex network, due to strong mutual communication. The simulation results verify that our proposed scheme outperforms traditional QoE optimization schemes. Moreover, our scheme can be implemented easily in a realistic scenario.
I. INTRODUCTION
In the last two decades, storage on mobile devices has become larger and cheaper. Thus, cooperative content caching and sharing in device-to-device (D2D) communications has been proposed as a means to reduce the necessary bandwidth of a localized group of users [1] . Nowadays, both academia and industry are researching methods in evolving traditional cellular networks towards the next-generation broadband mobile networks called 5G networks, envisioned to meet the demand of explosive growth of mobile data [2] . D2D communication is a method proposed for 5G to alleviate the potentially massive bandwidth requirements that base stations (BS) have to cope with while ensuring a comparable quality of experience (QoE) over the entire network. QoE is defined as the overall acceptability of an application or service, as perceived subjectively by end users. It is a subjective measurement of end-to-end performance at the service level, from the viewpoint of the users. Therefore, maximizing QoE via D2D communication is still a key area of research. Particularly, the mean opinion score (MOS) is used to characterize QoE that reflects the level of users' satisfaction.
A report prepared by Cisco shows that from 2015 to 2020, 75% video data traffic will be processed by smartphones in D2D wireless networks [3] . Moreover, a recent study conducted by Zhou [4] in telecommunication indicates that the process of video streaming usually has QoE requirements for users in D2D communications. Hence, QoE driven multimedia communication has received the significant attention of researchers in [4] and [5] . Motivated by these developments, we propose a scheme for D2D communications cooperative caching that maintains a high QoE. As QoE describes the overall performance of a network from the user viewpoint and a user centric measurement for end-to-end multimedia service, it is a significant concern during the content sharing in D2D communication.
We propose an evolutionary algorithm (EA) to optimize D2D communication, where computing the global optimal solution within a reasonable amount of time is infeasible. Notably, EAs are used to solve problems where the search space is too large to investigate exhaustively. Besides, studies have confirmed that EAs have frequently been applied to solve telecommunication problems [6] . In our experiments, the optimal solution is computed using an EA called genetic algorithm (GA), which is one of the most popular evolutionary algorithms, with acceptable computation outcomes [7] . For optimizing the QoE, we use subjectively provided MOS values for the purpose of assessment, as there is no better indicator of connection quality than the one given by users.
The network is represented by a graph, where each user is considered as a vertex, and the link between the users is considered as an edge. The MOS weight values are generated randomly as the schemes work well on weight values that are relative (if a > b then the MOS (a)>MOS (b)). We can use random values to simplify the simulation. We generate the weights corresponding to MOS as values between 1 and 5 according to study in [8] and [9] , where users randomly connect within the minimal and maximal interval. Our scheme selects the links by finding the maximum 1-factor of the weighted directed graph, which corresponds to a D2D communication scheme with maximum QoE.
In this paper, we present an EA based cooperative content caching and communication (EACCC) scheme as an optimization tool. The objective of which is to find the links that allow the D2D communication with a high MOS. The main contributions of this paper are listed as follows: 1) Evolutionary algorithms are designed to find a global optimal solution in a vast and complex search space of D2D communication.
To quantify the quality of a solution, we design a method called the fitness function that determines the selection of new candidates for the next generation. 2) We represent communication links as a directed weighted graph, with nodes representing the devices and the edges representing the MOS of the connection among devices. We then find the maximum 1-factor using the EA, which corresponds to the communication scheme with maximized QoE, to determine which edges of the vertices are to be selected. The paper is structured as follows: Section II presents an overview of the related works. Section III describes the network model and quality metrics. In Section IV, we describe preliminaries of optimizing the quality of experience. In Section V, we describe the basics of evolutionary algorithms along with the proposed scheme and the fitness function to evaluate the QoE, through the targeted adjacency matrix. In Section VI we present the simulation results and Section VII concludes our paper.
II. RELATED WORK
Research works defined QoE as an overall acceptability of application or service, as comprehended subjectively by the end-user which may be determined by user expectations and context [10] . The research community commonly defines it as the degree of the delight of a service, influenced by the network, device, application, user expectations, goals and context of use [11] , this yet has unseen perspectives which require extensive research. Optimizing the QoE of video traffic is important because it has received high priority from Internet users. Studies have proposed different techniques towards other directions used to improve the perception of video users. In the communication environment, users have to deliver services in resource and cost efficient manner without affecting the user satisfaction. To this end, service in telecom firms is switching the focus from the network QoS to user QoE, which describes the overall performance from the user perspective. According to studies in [12] and [13] , high network QoS can result in high QoE, but it cannot assure high QoE. In [13] non-intrusive prediction of H.264 encoded video quality over universal mobile telecommunication systems (UMTS) and illustration of their application to video quality monitoring and adaptation is considered to meet the QoE requirements of users. Indeed, researchers have studied QoE issues in power scheduling context of smart grid [14] , multimedia resource allocation methods in [15] and D2D video communication for receiving the same scalable multicast video stream [16] . In these works, QoE is measured by objective or subjective methods of multimedia content QoE estimation without considering the user's behavior during content sharing among neighboring users.
Latest research studies on video quality assessment have shown that the quality of the video is affected by different parameters associated with the encoder (e.g., sender bit-rate) and the network (e.g., packet loss) [17] . QoE has taken a central stage in multimedia delivery performance evaluation techniques. The Third-Generation Partnership Project (3GPP) Long Term Evolution (LTE) system is the latest generation of wireless cellular technology expected to deliver higher data rates and meet the germinating data demand as mentioned in [18] . The work in distributed media services in Peer-to-peer (P2P) based vehicular networks has addressed the fairness problem according to [19] . The key objective for the LTE system design is to provide satisfactory user video QoE as dominant service share of mobile video traffic [20] . The concept of QoE has a potential to become one of the main guiding paradigms to manage quality in cellular networks. Therefore, QoE in mobile networks become scarcer, showing that there is still a significant gap to fill.
For studies on QoE, MOS is widely chosen as particular test results and used as the reference of ground-truth for further research to model the objective quality. The MOS values play a significant role in linking both ways of the test as an VOLUME 5, 2017 unbiased model for further QoE management. Furthermore, it has been crucial to discover the expressions of MOS values concerning the perceived quality as some particular pieces of information while ignored in communication. Determining the MOS with the help of qualitative information as subjective quality factors is variable, whereas in quantitative methods this variability is ignored. According to study in [21] , considered MOS management based on subjective homogeneity and in [22] the qualitative information rating is recorded as opinion score values. Hence, we use the MOS values as a measurement of the link quality test modeling with additional quantitative information. Here, we guide UEs to cooperate and share media contents with other neighboring users to improve their proportional communication.
III. NETWORK MODEL AND QUALITY METRICS
In this section, we present the network model and describe quality metrics that will be used in our work. 
A. NETWORK MODEL
We consider a network of D2D communication system, as shown in Fig. 1 . We assume that there are n devices independently and uniformly distributed within the cell. Let U = [u 1 ,u 2 ,..., u n ] denote set of users within the communication range served by macro base station (MBS) located at the center of the cell. In the network environment, there are m distinct pieces of multimedia contents denoted as C = [c 1, c 2 , ..., c m ], where c k is a label of a specific video file (i.e., hot TV news, music clip, or funny movie). Then, the vectorX i = x i 1 ,x i 2 , , ...,x i m denotes content state of user i, where
Here, to avoid selfish behavior of users, it is assumed that each user is interested in sending contents but they may have only parts or all of them when requested. Let vector
] denote the differences of content sharing status between two nodes, node i and j. In this respect,x k = 0 denotes that nodes have the same possession status for content c k , i.e., they both possess or both lack content c k ,x k = 1 denotes that node i possesses c k while node j does not andx k = -1 denotes the reverse circumstance. On the other hand, users are highly motivated to cooperate and share the contents with each other through D2D communication else forward request to the BS. Besides, we assume that each user equipment (UE) has a cache size l for video contents. For simplicity, it is assumed that all contents have the same file size. It is worth mentioning that the number of contents is much greater than the number of users served in the network environment. 1 Hence, media content c k (c k ∈C) allocationX should satisfy the constraint of cache size for every single UE i (i ∈ U ), i.e.,
For D2D communication, any two devices have specified distance range of D to communicate with each other. In the network for user device u i , within its neighboring devices as N i can communicate when content requests are generated. Here each device can communicate with neighboring devices directly as
The users are connected with other neighboring users in an opportunistic way to possess media services. Suppose that UE i meets every couple of UEs u n independently, and this helps us to find the optimal scheme before evaluating them using real connection.
In our network environment to avoid interference, an effective mechanism exists to allocate radio resources for both cellular and D2D communication links. We adopt orthogonal frequency division multiple access (OFDMA) technique, which can reduce mutual interference as proposed in [23] and [24] . Nevertheless, it is still possible that two concurrent links at a single device will conflict with each other. More likely, a research work by Zhou and Zhang [25] designed a reliable transceiver to enable full duplex using a directional antenna in wireless communication. Based on this work, we can suppose that each device can transmit and receive data simultaneously, but at most one outgoing link from the device and one incoming link to the device can exist. It follows that a device can act as a sender (server) and receiver (client) at the same time with the limitation that the sending and receiving procedure are both dedicated to another end host respectively. Moreover, in the network of 1 It should be noted that this is not a critical assumption and most of the following results can be trivially extended to different cache sizes available based on how much content already exists. weighted graphs, once contents cached on UEs, neighboring devices communicate through the weighted incoming links to the node and outgoing from the node, which have to be chosen strategically using a GA based on fitness functions.
B. QUALITY METRICS
Here we explain how to measure the quality of a UE's experience with a service on accessing the demanded video content and getting connected with others neighboring users within the range of N i . In D2D communication, the connection between nodes i sends content c k to node j, set as D2D linked connection ρ k i j . The MOS of the transmitter node i and the receiver node j are affected by content classification c k and data transmission rate r j i from node i to j. Therefore, the MOS value for node j as receiver (Rx) is assigned as
Meanwhile, the transmitter (Tx) node i is also establishing MOS values of the connection as
On the other hand, the MOS for node i is acting as the transmitter MOS which can be estimated by the link of connection, where φ j and ϕ i are mapping functions from the metrics to MOS weighted values for j working as a receiver and i as a transmitter, respectively. In the network a device can provide and request contents; the mapping function is used to link the communication. Here, it is evident that in the network users can consume services. For each service, according to QoE measurements for video streaming over wireless networks in [9] and [26] , a given vector x in the QoE a value of y. From the the receiver j side, φ j is mapped as
and from in the transmitter i side, the ϕ i is mapped as
For user i corresponding MOS values parameters are x i , with QoE value y i to access content c k . The value L is lower bound which corresponds to the bad quality of connection and H is the upper bound value with excellent opinion score quality. The MOS values are provided as L = 1 and H = 5 which is used to determine QoE according [9] . Therefore, the mapping function is required to map MOS parameters into the QoE domain [L; H ] in the network. The quality provided are objective values of user studies, while typically only the MOS scores are used.
IV. PRELIMINARIES FOR OPTIMIZING QUALITY OF EXPERIENCE
The UEs are connected to a D2D communication link to share their cached contents, in reasonable ways of content sharing among users in the network environment. To calculate the data rate of our system, we demand bandwidth with efficient digital modulation schemes to conceive. The sub-channel bandwidth is B Hz and signal-to-noise ratio (SNR) at device j in connection ρ k ij which is ξ j i computed as
In the above Eq. (7), p i stands for transmit power of device i, g i j is used to represent the channel power gain from device i to device j , No set for the noise received by device j. Then the data rate at node i is derived as
Hence, the connection MOS based on data rate of communication is the functions of SNR. Therefore, the communication between transmitter and receiver in Eq. (3) and (4) are reformulated. For the receiver it is computed as
and for the transmitter as
In the network, the connection among both the transmitter and receiver MOS is independent. The connection MOS in the network is defined as the average MOS for the transmitter and the receiver to the number of UEs connected in the communication for set as a connection ρ k ij ,
Therefore, Mx k ij denotes the connection MOS of ρ k ij in the network connection divided by the number of connected nodes as average MOS value.
Based on the D2D content communication, the optimization problem is formulated as
Mathematically, the fitness F is the constraint to optimize by selection of best connection paths, where w is the weight matrix, a is the adjacency matrix, |P| is the size of permutation, (P) number of elements in the fitness, and n is the number of nodes in the network. In this work, for cooperative content communication, a user who requests content from the neighboring node is required to transmit content to other users to balance VOLUME 5, 2017 content exchange. it is clear that the users work as both transmitter and receiver for the video content communication. Hence for each node i, it keeps two sets of the score to perform as a transmitter and receiver side.
A. GRAPH-BASED COMMUNICATION
Graph-based network reconstruction is a step towards discovering, understanding and managing unknown attributes of the complex communication system. Graphs allow us to consider properties of the interaction matrix, which characterizes how nodes in a system directly cooperate with each other. It is crucial to carefully derive necessary conditions to reconstruct content sharing based on matrix interaction in the network [27] , [28] . Moreover, a graph is a pair of V ,E, where V is a finite set and E ⊆ V × V , i.e. a set of element pairs in V . V is called the set of vertices as nodes and E the set of edges as link between nodes in a graph G as G = (V , E) . In our graph G we have n vertices V ={v 1 , v 2 , ..., v n } and edges
Optimization using principle of a graph theory based on spanning subgraph is necessary for communication in networks as used in [29] . For example, the malfunctioning of one or more nodes in the network affects both the global and the local properties of the remaining nodes, because it makes some edges unusable and destroys the connectivity of the system [30] . The directed path P is considered as a subgraph directed graph G if vertices and edges of the P are also vertices and edges of G, i.e., V (P) ⊆ V (G) and E(P) ⊆ E(G). Therefore, if the vertex of G is a vertex of P, then P is a spanning subgraph of G where all vertices have the same in-degree and out-degree.
In our graph model, we use a connection where neighbor devices who possess the requested content are the candidate peers. A device and its candidate peers make the candidate connections, based on the weighted directed graph as G {N ,E, W }. The nodes N formulates the connection of vertex set when edges E {(i, j) k |ρ k ij = 1, ∀i, j ∈ N , c k ∈ M } is the connection edge set where ρ k ij =1 if and only if UE i and j make a candidate connection, and device i transmits content c k to device j. Here the weight W {w k ij |(i, j) k ∈ E} and edge j considers connections of (j) = (j 1 ,j 2 , ...j n ).
Since the weight of the graph directly corresponds to the valuable link, with a higher value indicating a better quality, we generated random values for the edges in our experiments. It helps to ensure edges' connection with better or worse link quality among each other. Computing 1-factorizations of a complete graph is studied by [31] . Moreover we formulate the so-called 1-factor of an oriented graph G which is a spanning subgraph with regular of degree 1. A graph with n vertices and its adjacency are denoted by an n x n matrix whose ij-th entry is the number of edges join in vertex i and vertex j i.e., A =[a ij ] where
The existence of a matrix A with permanence (p r ) is defined as p r (A)= j a 1 j 1 a 2 j 2 ...a n j n , until the best fitness connection path is selected as(a 1 j 1 + a 2 j 2 +, ..., a n j n ) in the network.
In the 1-factor graph, the possible connections are spanning subgraph of G which is based on paths denoted as P 1 . The path P 1 is created from the connection of edges as { (1, j 1 ), (2, j) , ..., (n, j n )}. In the connection link, the in and out degree for each node's vertex of P 1 is one which also works for all other spanning subgraphs in the network permanence of adjacency matrix p r (A) which is 1-factorable. In this connection, the possible graph connections which have the minimal Tx or Rx MOS values are chosen for removal decisions by the candidate graph. In the network, the remaining connections can possibly communicate the same Tx or Rx while different multimedia contents are shared at different duration. In this regards, the D2D connections with highest MOS value are the feasible connections to be accepted among the redundant connections as shown in Fig. 3b . Moreover, the path P−acceptable is the set of connection which is considered as the ρ k ij with MOS values that must be greater than threshold Υ as Mx k ij ≥ Υ else Mx k ij ≤ Υ connection is rejected. In the s−feasible graph we need to consider two conditions. First, The edge of vertex is p-acceptable. Second, presence of one edge from nearby i to j must have to exist for all i, j ∈ V in the network.
Main considerations of our graph formation are assumed as follows: 1) In the network, to avoid the selfishness, the users desire to get as many contents whenever sending more contents to the other users. This is increases the subjective quality of users' that encourages users to cooperate among each other. 2) The users communicate randomly by reconstructing the network topology at every iteration of content sharing. The connection with optimal average MOS value is selected as the path of the fitness function.
3) The communication channel of device-to-device connection is symmetric. As such, our goal is to obtain the maximum 1-factor, which corresponds to a content delivery strategy that optimizes MOS in the candidate graph, i.e., w k ij = Mx k ij . To access cached content, the demands are random and the graph is 1-factorable with in-degree and out-degree of each vertex constant i.e., one in its s -feasible graph which is acceptable connection in D2D communication. The contents are disseminated based on the 1-factor of the feasible graph G s . Besides, in these two cases the 1-factorable G s is 1-fatorable path P. Once our algorithm has found the path of the optimal solution, we can obtain the result of MOS from the provided average values.
V. ALGORITHMS
In the D2D content delivery, we have to choose the best algorithms used for constructing the maximum 1-factor. In this part, first we describe a greedy algorithm and show a situation where the greedy algorithm leads to a sub-optimal result. Next, we describe the operational evolutionary algorithm in our work. Indeed, we have also designed a fitness function embedded in EA to confirm the connection links which leads to more optimal solutions.
A. GREEDY ALGORITHM EVALUATION
For a fully connected network of 4 nodes let us evaluate the greedy algorithm which is similar to Kruskal's algorithm [32] . The algorithm designed by J.B. Kruskal finds the minimum or maximum spanning tree, and it works by adding the smallest or largest, remaining edge that creates a cycle. Inspired by this, one could create a greedy algorithm for finding the directed max 1-factor of a graph. It works by adding the largest edge that does not cause a node to exceed its degree. However, there is a simple example for a fully connected weighted graph of 4 nodes, shown in The adjacency matrix has possible permanence paths as p r (A) = a 12 a 23 a 34 a 41 + a 14 a 43 a 32 a 21 + a 13 a 34 a 42 a 21   +a 12 a 24 a 43 a 31 + a 14 a 42 a 23 a 31 + a 13 a 32 a 24 a 41   +a 14 a 41 a 23 a 32 + a 12 a 21 a 34 a 43 + a 13 a 31 a 24 a 42 = 9 Based on the performance of the adjacency matrix the graph G s has nine possible 1-factors in fully connected four nodes. The paths of the permanence in matrix are forming the 1-factor to possess contents, i.e. our graph has spanning subgraphs which is the same as p r (A), the optimal path is among paths as P ={P 1 ,P 2 ,...,P 9 }, with set of edges as: Afterwards, the best communication path is selected based on summation of the weighted values of each path as forming optimal 1-factor of connection as Fig. 4 shows how the greedy algorithm fails to find the optimal solution for a fully connected weighted graph of 4 nodes. The assumption to reconstruct the directed maximum 1-factor graph in greedy follows selection steps of the largest edges as depicted in Fig. 4a . After selection of the three edges, then we have to connect to the one edge left to chosen. Therefore, connecting node 3 to node 1 is required, which results in the sub-optimal sum of MOS value of 15.2 with average MOS of 3.80. Here choosing the optimal solution, which an evolutionary algorithm selects is path P 8 with optimal max 1-factor value of sum of 16.7 and the average MOS value 4.175. In our scheme the best fit of f connection is acceptable path in the graph.
B. EVOLUTIONARY ALGORITHMS
Evolutionary algorithms are algorithms designed to compute optimal solution in problems where computing the global optimal solution is infeasible due to the search space or nature of the problem. They work by producing a set of solutions, called individuals, changing them using a certain method (e.g. mutation and crossover), and iteratively selecting the best individuals generated so far. According to studies in [33] and [34] , EAs are considered as the most successful algorithms that occur over time where individuals discover the optimal solution. EAs manipulate pools or populations of individuals. The EA works with an initial population of size µ comprising random individuals (that is, each value in every string is set using a random number generator) and λ is considered as the sub nodes (children) of population. Every individual is then assigned a fitness value. To compute the VOLUME 5, 2017 FIGURE 5. EACCC scheme based optimal 1-factor graph.
fitness score, the individual is decoded to provide a possible solution to the problem. The value of this solution is then calculated using the fitness function. Population members with high fitness scores represent better solutions to the problem than individuals with lower fitness scores. EAs are also used for solving multi-objective optimization problems.
In this work, our target is to propose a scheme that can maximize the total users MOS in D2D linked content communication. By forming a directed max 1-factor graph possibly through considering factorable graph G s into sub-spanning graphs selecting in the weighted graph matrix. Here the problem is formulated as:
Hence, P i is the specific path of 1-factor graph connection G s , with the weight w(P i ) of the graph's path, which shows the MOS of multimedia content communication among all connected UEs in Eq. (13) . In the connected network, we have different possible spanning subgraphs in which we select the communication with the maximum MOS values as the best fit reconstructed graph communication.
To find the maximum 1-graph, we employ evolutionary algorithms. For this problem, we represent each solution as a permutation of the permanence p r with n number of nodes to access m media contents from their neighbor nodes in the network. The first element corresponds to selecting a link from node 1 to node P 1 . Since we employ a permutationbased evolutionary algorithm, we select crossover operator named as Partial Descent Crossover (PDX) crossover. For mutation, we randomly swap two elements if a chromosome of a permutation needs to be mutated.
C. EVOLUTIONARY ALGORITHM BASED COOPERATIVE CONTENT CACHING AND COMMUNICATION
Our scheme is called evolutionary Algorithm based cooperative content caching and communication, consists of a GA which is an EA that strikes a balance between exploration and exploitation of the search space. This is based on the natural selection process and a custom designed fitness function that computes the quality of a proposed 1-factor. GA relies on Darwin's principle of eclecticism where passed optimal benefits through continuous breeding operations and the strengthening of these qualities [35] . These qualities have greatest ability to enter the process of communication, the production of offspring optimization, and repeating the cycle improves the genetic quality of the new generations. EAs are wellknown for their remarkable generality and versatility to apply in a wide variety of settings in wireless networks. The robustness and versatility of EAs make the method efficient in instances of vast search spaces than other algorithms.
Our scheme works by modeling the caching of various contents in UEs. Then, the requests for content are generated randomly by the users. Whereas, to validate the connection viability, the adjacency matrix is generated based on whether a user has the requested content as mentioned in the Eq. (1), from neighboring users N i in the communication distance D. Then, the GA tries to find the maximum 1-factor, which determines the communication strategy between users based on the cached content and content requests in the network. Since we are working to find the maximum 1-factor, and a 1-factor is represented as a permutation P of size n where P i corresponds to the edge (i, p i ) is chosen. We represent each candidate solution as a permutation and apply permutation in specific crossover and mutation operators. The EACCC is shown in Algorithm 1, and the genetic algorithm is also shown in more detail in algorithm 2.
Our scheme uses a population of size µ = 20, and λ = 60 offspring and both crossover and mutation, with an initial mutation rate σ = 0.5. For mutation, we randomly swap two elements in the permutation, and we use PDX. We allow the algorithm to run for g = 20 iterations, by setting experiment run time in Matlab. We consider the number of nodes in the network does not change rapidly in a single iteration. It is theoretically possible to run this algorithm with the adjacency matrix and MOS values changing between each run, as it corresponds with a realistic situation. We assume these values are fixed, as a proof of concept. A simulation with variable MOS and adjacency matrix is suitable for a future experiment.
D. FITNESS FUNCTION
The solution in a genetic algorithm from the initial number of nodes in the network is determined using the fitness function. Fitness is evaluated based on the closeness of the solution under investigation to the global optimum value, which could be either the maximum or the minimum. In our scheme, we want to maximize the fitness function. The fitness function works by taking the sum of all edges selected by the permutation and dividing it by the number of nodes connected. Infeasible solutions tend to have smaller values because their contribution to the sum is 0. See the pseudocode of the fitness function for detail operation in Algorithm 3.
VI. NUMERICAL RESULTS
In this part, we evaluate the performance of the EACCC, greedy and random schemes using extensive simulations if user i has sufficient storage space then 6: user i stores content c k
7:
else 8: request users u n within communication distance D 9: if users u n have sufficient storage space then 10: users u n stores content c k
11:
else 12: delete redundant former content c r
13:
end if 14: end if 15: if user i wants content c k then 16: forward request to users u n within communication distance D 17: propose access with feasible fitness of the content 18: if users u n ready then 19: use GA to find max 1-factor 20: if max 1-factor found then 21: use the max 1-factor as proposed scheme 22: else 23: forward request to base station 24: end if 25: end if 26: end if 27 
A. SIMULATION SETUP
Here, we evaluate the performance of EACCC, greedy and random D2D content communication schemes using an extensive simulation in achieving maximum connection QoE among users in the network environment. To introduce the D2D communication performance improvements, we compute the proposed scheme with other two algorithms for MOS weighted values effectiveness and combined measurement of the comparisons.
1) A greedy algorithm is designed to find the max 1-factor of a graph. It works by adding the largest edge that does not cause a node to exceed its degree. The greedy algorithm QOE-driven content communication scheme that has similar properties with the direct video content dissemination scheme (DDS). The average MOS and standard deviation are parameters used to evaluate the 6: return fitness/n performance of our scheme. All nodes in the communication range share contents directly from the content provider within the network environment.
2) The random based scheme also selects the nodes in finding the max 1-factor of a graph based on its erratic behavior. As evaluation parameters change, the values of average MOS and standard deviation also changes. We generated 1000 test cases in Matlab. In our simulation, we have assumed that 200 distinct contents are viable, for those requesting users in the network, whereas the number of nodes is assumed from 4 and 20 for the experimentation. In the network of D2D communication, spanning subgraphs communication occurs among at list 2 or more nodes. We assumed that each node has a 30% chance of having media content in its cache. We generate the number of possible links for each case a random connection quality graph, which is asymmetric. The quality value of each link is between 1 and 5. According to our assumption, the adjacency matrix of the node possesses the content to the other node and this validates the existence of a link between 2 nodes. The adjacency matrix of content possession status remains 0 if the quality of opinion score is less than 2. Hence, the threshold is set to presume all the low-quality links as infeasible in the network which is 2. We simulate experiment of the genetic algorithm in different generations, with µ = 20, λ = 60 and σ = 0.5. For tournament selection, we select the best candidate from 30% of the population. Then, for each instance, we also compare our scheme results with the greedy algorithm and a randomly generated permutation.
B. SIMULATION RESULTS AND DISCUSSIONS
In the scenario as shown in Fig. 6 , the higher average MOS is gained in our proposed scheme than the other schemes. The EACCC scheme initially finds a better MOS score as the number of nodes increases up to eight nodes and then it shows slight fluctuation. Nevertheless, it is still the best scheme as we examine in all cases than other schemes according to the computation results. Here, the randomly generated individuals have a highly fluctuating MOS values which is always lower than EACCC. Therefore, the proposed EACCC scheme provides a considerable superior user experience for most UEs than other schemes. The simulation result of average MOS values, as changes with the number of iterations as provided in Fig. 7 . Here, as the number of random iterations in the experiment increases, the average MOS values of our scheme slightly change showing both significant increment and then slight decrements values. The nodes erratically communicate with other neighboring nodes in the D2D communication distance. At any possible time and each iteration, the users' content requests changes, and the communication path also changes by reconstructing network topology selecting the optimal 1-factor graph. Hence, the proposed scheme outperforms the other schemes at all different experimental iterations with highest average MOS values. provider's cache. Since nodes are playing the central role in the D2D communication, the increment in the number of contents in the communication environment facilitates possible interaction among nodes. Here, as nodes are encouraged to access as many videos as they desire, thus sending more media contents to the other neighboring users. This is prospected to increase a subjective quality of user experience with better communication. Finally, our proposed EACCC scheme has shown significant increments in average MOS compared to other greedy and random schemes, as the amount of content increase in the communication environment. The existence of additional more possibility of connection among users is an extra factor for the increment. Fig. 9 shows a change in the MOS standard deviations as the number of nodes increase in the network environment. From the simulation results, among seven competitions our EACCC scheme shows decrements in MOS standard deviation. As shown in from the result, our scheme outperforms greedy and random systems comparatively, whereas one competition has shown the same result with the random scheme but better than the greedy scheme. As the number of nodes increases in our D2D communication community, the EACCC scheme has shown smaller MOS standard deviation than greedy and random schemes. Hence, the MOS standard deviation is used to measure the fairness of content sharing among the users in the communication range, as a principal evaluation means to balance media content sharing. Based on this, we conclude that our scheme has shown most appropriate content sharing among users when we compare it with the greedy and random schemes. Fig. 10 indicates that in all cases as the number of iterations increases the value of MOS standard deviation shows fluctuations. So far, within the occurrence of irregular changes of iteration, the standard deviation of our scheme has shown the smallest difference result in all nine competitions than schemes of greedy and random. Hence, the proposed EACCC scheme outperforms the other greedy and random schemes showing proportional content sharing among D2D communication. Fig. 11 shows that the standard deviation of the MOS changes as the number of contents added to the network. As we have seen from the simulation results, when the number of contents increases MOS standard deviation decreases in EACCC through all competitions and greedy schemes but the random scheme shows fluctuating results. Moreover, the rate of decrements of EACCC is slightly consistent. As a result, the EACCC scheme works in the fair fashion content communication in the D2D network scenario.
VII. CONCLUSION
In this paper, we have proposed the EACCC scheme, based on user communication behavior to improve user perceived quality of experience. The scheme provides a D2D communication strategy to assure a balance of data that each user shares and receives. Finding the maximum 1-factor of a graph is the principle of the scheme, to select the best paths of communication by using an evolutionary algorithm. Each user is modeled as a node having one in-going and one out-going edge, and each edge's weight corresponding to the MOS of the connection. We focus on QoE, unlike conventional content sharing schemes that focus on the optimal quality of services. The MOS is used as a metric for users' degree of satisfaction to characterize the QoE. Content sharing among users is balanced through motivating users to share their contents in order to receive similar amount of contents from other users. Extensive simulation results have validated the performance of our proposed scheme. The results simulations have shown that our scheme yields a better QOE than conventional D2D content dissemination schemes. Furthermore, this system is relatively simple to implement in a realistic scenario.
